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REGULARIZED LATENT SEMANTIC 
INDEXING FOR TOPIC MODELING 

BACKGROUND 

0001 Topic modeling is useful for knowledge discovery, 
relevance ranking in search, and document classification. 
Recent years have seen significant progress on topic model 
ing technologies in machine learning, information retrieval, 
natural language processing, and other related fields. Given a 
collection of text documents, a topic model represents the 
relationship between terms and documents through latent 
topics. A topic is defined as a probability distribution of terms 
or a cluster of weighted terms. A document is then viewed as 
a bag of terms generated from a mixture of latent topics. 
0002 Studies on topic modeling fall into two categories: 
probabilistic approaches and non-probabilistic (matrix fac 
torization) approaches. In the probabilistic approaches, a 
topic is defined as a probability distribution over terms and 
documents are defined as data generated from mixtures of 
topics. To generate a document, one chooses a distribution 
over topics. Then, for each term in that document, one 
chooses a topic according to the topic distribution, and draws 
a term from the topic according to its term distribution. For 
example, Probabilistic Latent Semantic Indexing (PLSI) and 
Latent Dirichlet Allocation (LDA) are two widely-used gen 
erative models. (See, T. Hoffman, Probabilistic Latent 
Semantic Indexing, SIGIR, pages 50-57, 1999; and D. Blei, 
A. Y. Ng, and M. I. Jordan, Latent Dirichlet Allocation, 
JMLR, 3:993-1022, 2003.) In non-probabilistic approaches, 
a term-document matrix is projected into a K-dimensional 
topic space in which each axis corresponds to a topic. In the 
topic space, each document is represented as a linear combi 
nation of the K topics. Latent Semantic Indexing (LSI) is a 
representative non-probabilistic model. (See, S. Deerwester, 
S. T. Dumais, G. W. Furnas, T. K. Landauer, and R. Harsh 
man, Indexing. By Latent Semantic Analysis, J AM SOC 
INFORMSCI, 41:391-407, 1990.) LSI decomposes the term 
document matrix with single value decomposition (SVD) 
under the assumption that topics are orthogonal. See also 
Non-negative Matrix Factorization (NMF) methods (e.g., D. 
D. Lee and H. S. Seung, Learning The Parts Of Objects With 
Nonnegative Matrix Factorization, Nature, 401:391-407. 
1999; and D. D. Lee and H. S. Seung, Algorithms For Non 
Negative Matrix Factorization, NIPS 13, pages 556-562. 
2001) and Sparse Coding methods (e.g., H. Lee, A. Battle, R. 
Raina, and A. Y. Ng, Efficient Sparse Coding Algorithms, 
NIPS, pages 801-808. 2007; and B. A. Olshausen and D. J. 
Fieldt, Sparse Coding With An Overcomplete Basis Set: A 
Strategy Employed By V1, VISION RES, 37:3311-3325, 
1997). 
0003. One of the main challenges in topic modeling is 
Scaling to millions or even billions of documents while main 
taining a representative vocabulary of terms, which is neces 
sary in many applications such as web search. A typical 
approach is to approximate the learning processes of an exist 
ing topic model. 
0004 Probabilistic topic models like LDA and PLSI are 
not scalable. The scalability challenge for probabilistic topic 
models like LDA and PLSI mainly comes from the necessity 
of simultaneously updating the term-topic matrix to meet the 
probability distribution assumptions. When the number of 
terms is large, which is inevitable in real applications, this 
problem becomes particularly severe. For LSI, the scalability 
challenge is due to the orthogonality assumption in the for 
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mulation, and as a result the problem needs to be solved by 
Singular Value Decomposition (SVD) and thus is hard to be 
parallelized. 
0005 Most efforts to improve topic modeling scalability 
have modified existing learning methods. Such as LDA. New 
man, et al. proposed Approximate Distributed LDA (AD 
LDA), in which each processor performs a local Gibbs sam 
pling iteration followed by a global update. (D. Newman, A. 
Asuncion, P. Smyth, and M. Welling, Distributed Inference 
For Latent Dirichlet Allocation, NIPS, 2008.) Two recent 
papers implemented AD-LDA as PLDA and modified AD 
LDA as PLDA+, using MPI and MapReduce. (See, Y. Wang, 
H. Bai, M. Stanton, W. Yen Chen, and E. Y. Chang, PLDA: 
Parallel Latent Dirichlet Allocation For Large-Scale Applica 
tions, AAIM, pages 301-314, 2009; Z. Liu, Y. Zhang, and E.Y. 
Chang. PLDA+: Parallel Latent Dirichlet Allocation With 
Data Placement And Pipeline Processing, TIST, 2010; R. 
Thakur and R. Rabenseifner, Optimization Of Collective 
Communication Operations In MPICH, INTJ HIGH PER 
FORMC, 19:49-66, 2005; and J. Dean, S. Ghemawat, and G. 
Inc, Mapreduce: Simplified Data Processing On Large Clus 
ters, OSDI, 2004.). L. AlSumait, D. Barbara, and C. Domeni 
coni, the authors of On-Line LDA: Adaptive Topic Models 
For Mining Text Streams With Applications To Topic Detec 
tion And Tracking, ICDM, 2008, proposed purely asynchro 
nous distributed LDA algorithms based on Gibbs Sampling or 
Bayesian inference, called Async-CGB or Async-CVB, 
respectively. In Async-CGB and Async-CVB, each processor 
performs a local computation step followed by a step of 
communicating with other processors. In all the methods, the 
local processors need to maintain and update a dense term 
topic matrix, usually in memory, which becomes a bottleneck 
for improving the scalability. Similarly, online versions of 
stochastic LDA have been proposed. (See, L. AlSumait, D. 
Barbara, and C. Domeniconi, On-Line LDA: Adaptive Topic 
Models For Mining Text Streams With Applications To Topic 
Detection And Tracking, ICDM, 2008; and M. D. Hoffman, 
D. M. Blei, and F. Bach, Online Learning For Latent Dirichlet 
Allocation, NIPS, 2010.) 
0006 Sparse methods have recently received a lot of atten 
tion in machine learning community. These methods aim to 
learn sparse representations (simple models) hidden in the 
input data by using 1 norm regularization. Sparse Coding 
algorithms are proposed which can be used for discovering 
basis functions, to capture meta-level features in the input 
data. See, for example, H. Lee, A. Battle, R. Raina, and A. Y. 
Ng, Efficient Sparse Coding Algorithms, NIPS, pages 801 
808. 2007; and B. A. Olshausen and D. J. Fieldt, Sparse 
Coding With An Overcomplete Basis Set: A Strategy 
Employed By V1, VISION RES, 37:3311-3325, 1997. One 
justification to the sparse methods is that human brains have 
similar sparse mechanism for information processing. For 
example, when Sparse Coding algorithms are applied to natu 
ral images, the learned bases resemble the receptive fields of 
neurons in the visual cortex. (B.A. Olshausen and D.J. Fieldt, 
Sparse Coding With An Overcomplete Basis Set: A Strategy 
Employed By V1, VISION RES, 37:3311-3325, 1997.) Pre 
vious work on sparse methods mainly focused on image 
processing. (R. Rubinstein, M. Zibulevsky, and M. Elad, 
Double Sparsity: Learning Sparse Dictionaries For Sparse 
Signal Approximation, IEEE T SIGNAL PROCES, pages 
1553-1564, 2008.) The use of sparse methods for topic mod 
eling was also proposed very recently by Chen et al. (.. Chen, 
B. Bai, Y. Qi, Q. Lin, and J. Carbonell, Sparse Latent Seman 
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tic Analysis, NIPS Workshop, 2010.) Their motivation was 
not to improve scalability and they made an orthogonality 
assumption (requiring an SVD). C. Wang and D. M. Blei have 
proposed to discover sparse topics based on a modified ver 
sion of LDA. (C. Wang and D. M. Blei, Decoupling Sparsity 
And Smoothness. In The Discrete Hierachical Dirichlet Pro 
cess, NIPS, 2009.) 

SUMMARY 

0007. This disclosure describes a Regularized Latent 
Semantic Indexing approach to topic modeling of electronic 
documents. The Regularized Latent Semantic Indexing 
approach may allow an equation involving an approximation 
of a term-document matrix to be solved in parallel by multiple 
calculating units. The equation may include terms that are 
regularized via either 1 norm and/or vial norm. The Regu 
larized Latent Semantic Indexing approach may be applied to 
a set, or a fixed number, of documents such that the set of 
documents is topic modeled. Alternatively, the Regularized 
Latent Semantic Indexing approach may be applied to a vari 
able number of documents such that, overtime, the variable of 
number of documents is topic modeled. 
0008. This Summary is provided to introduce a selection 
of concepts in a simplified form that are further described 
below in the Detailed Description. This Summary is not 
intended to identify key features or essential features of the 
claimed subject matter, nor is it intended to be used to limit 
the scope of the claimed subject matter. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0009. The detailed description is described with reference 
to the accompanying figures. In the figures, the left-most 
digit(s) of a reference number identifies the figure in which 
the reference number first appears. The same reference num 
bers in different figures indicate similar or identical items. 
0010 FIG. 1 is a schematic diagram of an illustrative 
environment to for topic modeling through scalable parallel 
ization. 
0011 FIG. 2 is a schematic diagram of distributed Regu 
larized Latent Semantic Indexing (RLSI). 
0012 FIG. 3 is a flow diagram of an illustrative process to 
perform topic modeling. 
0013 FIG. 4 is a flow diagram of another illustrative pro 
cess to perform topic modeling. 
0014 FIG. 5 is a flow diagram of yet another illustrative 
process to perform topic modeling. 
0015 FIG. 6 is a block diagram of an illustrative comput 
ing device that may be deployed in the environment shown in 
FIG 1. 

DETAILED DESCRIPTION 

Overview 

0016 Topic modeling can boost the performance of infor 
mation retrieval, but its real-world application is limited due 
to scalability issues. Scaling to larger document collections 
via parallelization is an active area of research, but most 
Solutions require drastic steps such as vastly reducing input 
Vocabulary. 
0017 Regularized Latent Semantic Indexing (RLSI) is a 
new method which is designed for parallelization. It is as 
effective as existing topic models, and scales to larger datasets 
without reducing input vocabulary. RLSI formalizes topic 
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modeling as a problem of minimizing a quadratic loss func 
tion regularized by 1 and/or 1 norm. This formulation allows 
the learning process to be decomposed into multiple Sub 
optimization problems which can be optimized in parallel, for 
example via MapReduce. In one embodiment, 1 norm is 
applied on topic representations and 1 norm on document 
representations, to create a model with compact and readable 
topics and useful for retrieval. 
0018. One of the key problems in topic modeling is to 
improve Scalability, to handle millions of documents or even 
more. As collection size increases, so does vocabulary size, 
rather than a maximum Vocabulary being reached. For 
example, in an experiment involving 1.6 million web docu 
ments, there are more than 7 million unique terms even after 
pruning the low frequency ones (e.g., term frequency in the 
whole collection less than 2). This means that both matrices, 
term-topic (U) and topic-document (V), grow as the number 
of documents increases. 
0019 Regularized Latent Semantic Indexing (RLSI) is 
intrinsically scalable. Topic modeling is formalized as mini 
mization of a quadratic loss function on term-document 
occurrences regularized by 1 and/or 1 norm. Specifically, in 
RLSI the text collection is represented as a term-document 
matrix (D), where each entry represents the occurrence (or 
term frequency-inverse document frequency (tf-idf) score) of 
a term in a document. The term-document matrix (D) is then 
approximated by the product of two matrices: a term-topic 
matrix (U) which represents the latent topics with terms and 
a topic-document matrix (V) which represents the documents 
with topics. Finally, a quadratic loss function is defined as the 
squared Frobenius Norm of the difference between the term 
document matrix (D) and the product of term-topic matrix 
(U) and topic-document matrix (V). Both 1 norm and 1 norm 
may be used for regularization. In one embodiment, 1 norm is 
applied to topic representations U and 1 norm is applied to 
document representations V, which can result in a model with 
compact and readable topics and useful for retrieval. While 
RLSI makes use of the same quadratic loss function as LSI. 
RLSI differs from LSI in that it uses regularization rather than 
orthogonality to constrain the solutions. In contrast to LSI. 
which is not scalable, RLSI is scalable. 
0020. In one embodiment, the learning process of RLSI 
iteratively updates the term-topic matrix (U) given the fixed 
topic-document matrix (V), and updates the topic-document 
matrix (V) given the fixed term-topic matrix (U). The formu 
lation of RLSI makes it possible to decompose the learning 
problem into multiple sub-optimization problems and con 
duct learning in parallel. Specifically, for both the term-topic 
matrix (U) and the topic-document matrix, the update in each 
iteration is decomposed into many sub-optimization prob 
lems. These may be run in parallel, which is a reason that 
RLSI can scale up. 
0021. In one embodiment, RLSI is implemented employ 
ing MapReduce. A MapReduce system maps the Sub-optimi 
Zation problems over multiple processors and then merges 
(reduces) the results from the processors. During this process, 
documents and terms are distributed and processed automati 
cally. 
0022 Regularization is a technique in machine learning to 
prevent over-fitting. Typical examples of regularization in 
machine learning include the use of land 1 norms. Regular 
ization vial norm uses the Sum of absolute values of param 
eters and thus has the effect of causing many parameters to be 
Zero and selecting a sparse model as Solution. Regularization 
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via 1 norm, on the other hand, uses the Sum of squares of 
parameters and thus can make a Smooth regularization and 
effectively deal with over-fitting. 
0023 The processes and systems described herein may be 
implemented in a number of ways. Example implementations 
are provided below with reference to the following figures 

Illustrative Environment 

0024 FIG. 1 is a schematic diagram of an illustrative 
environment 100 for topic modeling of documents through 
scalable parallelization. The environment 100 may include at 
least one RLSI system, individually referenced as 102a-102c 
and collectively referenced as 102, and a communication link 
104. The RLSI system 102 is communicatively coupled to a 
document source 106 via the communication link 104. The 
communication link 104 may be a wireless or wired, includ 
ing optical fiber, communication link that provides commu 
nication paths. 
0025 Document source 106 may include a static or quasi 
static document database 108, a document database 110, and 
document servers network 112. The document servers net 
work 112 may conform to internet protocols and may include 
wide area networks (WANs), the World Wide Web being an 
exemplary WAN, and local area networks (LANs). The docu 
ment servers network 112 includes a plurality of document 
servers 114, which are communicatively coupled together. In 
one embodiment, the document servers 114 are web servers 
that store and provide documents 116 Such as webpages. The 
number of documents stored in the servers 114 may vary over 
time as additional documents 120 are uploaded and old/ex 
pired documents 122 are removed. 
0026. The static or quasi-static document database 108 has 
a plurality (N) of documents 118 stored therein. The number 
(N) of documents 118 stored in the static or quasi-static 
document database 108 may be generally fixed or change 
infrequently over time. For example, additional documents 
120 may be added to the static or quasi-static document 
database 108 on a weekly, or monthly, or even longer than a 
monthly, basis and similarly, expired documents 122 may be 
removed from the static or quasi-static document database 
108 on a weekly, or monthly, or even longer than a monthly, 
basis. 

0027. The document database 110 also has a plurality of 
documents 124 stored therein. The number (N(t)) of docu 
ments 124 stored in the document database 120 may vary over 
time. For example, additional documents 120 may be added 
to the document database 110 on a daily, or hourly, or even 
less than hourly, basis, and similarly, expired documents 122 
may be removed from the document database 110 on a daily, 
or hourly, or even less than hourly, basis. 
0028. The RLSI system 102 retrieves documents 116,118, 
124 from the document source 106 and topic models the 
retrieved documents 116, 118, 124. 
0029. In one embodiment, the RLSI system 102a includes 
multiple computing devices 126 coupled together by a net 
work 128. The multiple computing devices 126 may be serv 
ers, main frame computers, personal computers, etc. The 
multiple computing devices 126 work in parallel to topic 
model the retrieved documents 116,118, 124. One or more of 
the computing devices 126 may be a multi-processor com 
puting device. Further, one or more processors of the com 
puting devices 126, including multi-processor computing 
devices, may be a multi-core processor. 
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0030. The RLSI system 102b includes at least one multi 
processor computing device 130 having multiple processors 
132. The multiple processors 132 work in parallel to topic 
model the retrieved documents 116,118, 124. One or more of 
the processors 132 of the multi-processor computing device 
130 may be a multi-core processor 
0031. The RLSI system 102c includes at least one com 
puting device 134 having at least one multi-core processor 
136. The multi-core processor 136 includes multiple process 
ing cores, which work in parallel to topic model the retrieved 
documents 116, 118, 124. 
0032 For the purposes of this disclosure, a calculating unit 

is defined as including, at least one of a processing core of a 
multi-core processor, a processor of a multi-processor com 
puting device, and a computing device. 

RLSI Overview 

0033 Documents 116, 118, 124 retrieved from the docu 
ment source 106 may be described as a set of documents D 
with size N. containing terms from a vocabulary V with size 
M. A document is simply represented as an M-dimensional 
vectord, where them" entry denotes the score of them' term, 
for example, a Boolean value indicating occurrence, term 
frequency-inverse document frequency (tf-idf) or joint prob 
ability of the term and document. The N documents in D are 
then represented in an MXN term-document matrix D-Id, .. 
. . d, in which each row of the term-document matrix D 
corresponds to a term and each column of the term-document 
matrix D corresponds to a document. 
0034 Columns of a matrix such as, for example, the term 
document matrix D. may be referred to herein as column 
vectors of the matrix, and similarly, rows of a matrix may be 
referred to herein as row-vectors of the matrix. 
0035 A topic is defined over terms in the vocabulary and 

is also represented as an M-dimensional vector u, where the 
m" entry denotes the weight of the m' term in the topic. 
Intuitively, the terms with larger weights are more indicative 
to the topic. Suppose that there are K topics in the collection. 
The K topics can be summarized into an MxK term-topic 
matrix U=u,..., uk, in which each column corresponds to 
a topic. 
0036 Topic modeling means discovering the latent topics 
in the document collection as well as modeling the documents 
by representing them as mixtures of the topics. More pre 
cisely, given topics u. . . . , u, document d, is succinctly 
represented as d-X vu-UV, where V, denotes the 
weight of the k" topic u in document d, The larger value of 
v, the more important role topic u plays in the document. 
Let V-V. . . . , VI be the topic-document matrix, where 
column V, stands for the representation of document d, in the 
latent topic space. Table 1 below provides a summary of 
notation. 

TABLE 1 

Table of notations. 

Notation Meaning 

M Number of terms in vocabulary 
N Number of documents in collection 
K Number of topics 
De RMxN Term-document matrix d, ..., dy 
d, The n' document 
dan Weight of them" term in document d, 
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TABLE 1-continued 

Table of notations. 

Notation Meaning 

UC RMx K Term-topic matrix u1, ..., uk 
li The k" topic 
link Weight of the m' term in topic us 
V RKxN Topic-document matrix V1, ..., Vy 
V Representation of d, in the topic space 
Wi. Weight of the k" topic in v, 

0037 Different topic modeling techniques choose differ 
ent schemas to model matrices U and V and impose different 
constraints on them. For example, in the generative topic 
models such as PLSI and LDA, u, ..., u are probability 
distributions so thatX, 'u-1 for k=1,..., K; In LSI, 
topics u,..., u are orthogonal and thus SVD can be applied. 
0038. However, Regularized Latent Semantic Indexing 
(RLSI) learns latent topics as well as representations of docu 
ments from the given text collections in the following way. 
0039 Document d, is approximated as UV, where U is the 
term-topic matrix (U) and V, is the representation of d, in the 
latent topic space. The goodness of the approximation is 
measured by the quadratic loss of the difference between d 
and Uv,:|d-UV,IL. Furthermore, regularization is made on 
topics and document representations. Specifically in some 
embodiments, 1 norm regularization is applied to term-topic 
matrix U (i.e., topics u. . . . , u) and l is applied to the 
topic-document matrix V (i.e., document representations V,. 
.., VA) to favora model with compact and readable topics and 
useful for retrieval. 

0040. Thus, given a text collection D={d,...,dx}, RLSI 
amounts to Solving the following optimization problem 
shown in Equation (1): 

W K W (1) 
2 2 pin Xild,- Us, list AX|4|+AXlly, I 

0041 where J20 is the parameter controlling the regu 
larization on u: the larger value of W, the more sparse u, and 
20 is the parameter controlling the regularization on V: 

the larger value of W, the larger amount of shrinkage on V. 
0042. In general, the regularization on topics and docu 
ment representations (the second term and the third term) can 
be either 1 norm or 1 norm. When they are 1 and 1, respec 
tively, the process is equivalent to Sparse Coding. When both 
of them are 1, the model is similar to a double sparse model. 
Note that both Sparse Coding and double sparse model for 
mulate optimization problems in constrained forms instead of 
regularized forms. The two forms are equivalent. 
0043. Using the formulation above (i.e. regularization via 

1 norm on topics and 1 norm on document representations) 
leads to a model with compact and readable topics and useful 
for retrieval. Advantages of the above formulation are 
included below. 

0044) First, 1 norm regularization on topics has the effect 
of making them compact, under the assumption that the 
essence of a topic can be captured via a small number of 
terms, which is reasonable in practice. In many applications, 
Small and concise topics are more useful. For example, Small 
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topics can be interpreted as sets of synonyms, roughly corre 
sponding to the WordNet Synsets used in natural language 
processing. 
0045 Second, 1 norm can make the topics readable, no 
matter whether it is imposed on topics or document represen 
tations. This has advantages in applications such as text Sum 
marization and visualization. 
0046. Third, there are four ways of combining 1 and 1 
norms. Results of retrieval experiments across multiple test 
collections described herein, across multiple test collections, 
show that better ranking performance may beachieved with 1 
norm on topics and 1 norm on document representations. 
0047 Last, in both learning and using of topic models, 
topic sparsity means that topics may be efficiently stored and 
processed. In some embodiments, existing techniques on 
sparse matrix computation may be employed, which are effi 
cient and Scalable. 

RLSI Optimization 

0048. The optimization equation (1) is convex with 
respect to U when V is fixed and convex with respect to V 
when U is fixed. However, it is not convex with respect to both 
of them. Following the practice in Sparse Coding, the func 
tion in Equation (1) may be optimized by alternately mini 
mizing it with respect to term-topic matrix U and topic 
document matrix V. This procedure is Summarized in 
Algorithm 1, hereinbelow. Note that for simplicity Algorithm 
1 describes the case of when l norm is imposed on topics and 
12 norm on document representations. However, other the 
Scope of the disclosure is not limited to this regularization 
strategy. Other regulation strategies such as, but not limited 
to, include: (a) imposing 1 norm on topics and document 
representations; (b) imposingle norm on topics and document 
representations; and (c) imposing 1 norm on topics and 1 
norm on document representations. 

Algorithm 1 Regularized Latent Semantic Indexing 

Require: DeRY 
1:V9 e RY s- random matrix 
2: for t = 1 : T do 
3: U() <- UpdateU(D, V(r)) 
4: V) <- UpdateV(D, U) 
5: end for 
6: return U(), V(i) 

0049. In Algorithm 1, the term-document matrix D is 
dimensioned to be an MXN matrix in which each column 
represents a document and rows therein represent terms. The 
topic-document matrix V is dimensioned to be a KxN matrix 
and initialized with random values. 
0050 Algorithm 1 is iterative. An updated term-topic 
matrix U is determined based at least on the term-document 
matrix D and a current topic-document matrix V, then an 
updated topic-document matrix V is determined based at least 
on the term-document matrix D and the updated term-topic 
matrix U. 
0051. In some embodiments, steps 3 and 4 of Algorithm 1 
may be applied for a set number of iterations. 
0052. In other embodiments, steps 3 and 4 may be applied 
for a variable number of iterations. For example, after a num 
ber of steps, the topic-document matrix V and/or the term 
topic matrix U may have converged (i.e., an update to the 
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topic-document matrix V and an update to the term-topic 
matrix U may produce changes to the topic-document matrix 
V and the term-topic matrix U below a threshold amount)and, 
after convergance, steps 3 and 4 are no longer repeated. Con 
Vergence may be determined based at least in part on conver 
gance of one or both of the topic-document matrix V, and/or 
the term-topic matrix U, the difference between d, and UV: 
|d-UV,IL., and/or the minimization of the Equation 1. 
RLSI Optimization: Update of Matrix U 
0053 Holding V-V. . . . , V fixed, the update of U 
amounts to the following optimization problem shown in 
Equation (2): 

(2) 

10054) where || is the Frobenius norm and u is the 
(mk)" entry of U. Let d, (d. 1, ...,dx) and u, (u,v1,... 
, u)" be the column vectors whose entries are those of the 
m" row of D and U respectively. Thus, Equation (2) can be 
rewritten as 

i 2 i (2a) 
miny ||d - Vu, II, + Ai X||ull, 

0055 which can be decomposed into M optimization 
problems that can be solved independently, with each corre 
sponding to one row of U as shown in Equation (3): 

min||d, - Vu, II+A |ull), (3) 

0056 for m=1,..., M. 
0057 Equation (3) is an 1-regularized least squares prob 
lem, whose objective function is not differentiable and it is 
not possible to directly apply gradient-based methods. A 
number of techniques can be used here. Such as interior point 
method, coordinate descent with soft-thresholding, Lars 
Lasso algorithm, and feature-sign search. In some embodi 
ments, coordinate descent with soft-thresholding may be 
used. 

0.058 Let v. (V. ...,v) be the column vector whose 
entries are those of the k" row of V, V, the matrix of V with 
the k" column removed, andu, the vector ofu, with the k" 
entry removed, and we can rewrite the objective function in 
Equation (3) as 

T - 12 L(t) = |ld - Vittnyk - unk Vik II + lunaki + 1 unk 

= u ||V||5-2unk (d. - Vun)'V + Alun + const 
2 

Flik Skk 2-(- X. suit) + 1 unk + Const, 
isik 

10059) where s, and r, are the (ij )" entries of KxK matrix 
S=VV and Mxk matrix R-DV", respectively, and constis a 
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constant with respect to u. Then, the minimization overu, 
is preformed while keeping all the u, fixed for which lzk. 
Furthermore, L(u) is differentiable with respect to u, 
except for the point u=0. Forcing the partial derivative to be 
Zero leads to 

1 

(a X. suit) 31 isik 
, if unk > 0, 

Skk 
link F 1 

(a Xu") -- 51 isik 
, if unk < 0, 

Skk 

0060 
rule: 

which can be approximated by the following update 

1 

isik isik 
link 

Skk 

0061 where () denotes the hinge function. The algo 
rithm for updating U is Summarized in Algorithm 2. 

Algorithm 2 UpdateU 

Require: DeRN, VeRN 
1: S s-VV 
2: Re-DV 
3: for m = 1 : M do 

u - 0 
repeat 

for k = 1 : K do 
wn -r, -X). Sku, : 

8: 1 (w il) sign(Wnk) 2 
lak ( -- 

() 

9: end for 
10: until convergence 
11: end for 
12: return U 

indicates text missing or illegible when filed 

RLSI Optimization: Update of Matrix V 

0062. The update of V with U fixed is a least squares 
problem with 12 norm regularization. It can also be decom 
posed into N optimization problems, with each correspond 
ing to one V, and can be solved in parallel: 

min, Ild,-Uv, 2’-- aliv,12°), 
0063 for n=1,..., N. It is a standard 1-regularized least 
squares problem (also known as Ridge Regression in statis 
tics) and the solution is: 

1,8–(UU+I) Ud. 

0064 Algorithm3 shows the procedure. (If K is large such 
that the matrix inversion (U+...I) is hard, gradient descent 
in the update of V, may be employed.) 
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Algorithm 3 UpdateV 

Require: DeR', Ue R' 
1: X s- (UU + I) 
2: (D - UD 
3: for n = 1 : Ndo 
4: V, S-Xp, where p, is the n' column of d 
5: end for 
6: return V 

Distributed RLSI: MapReduce 
0065. MapReduce is a computing model that supports dis 
tributed computing on large datasets. MapReduce expresses a 
computing task as a series of Map and Reduce operations and 
performs the task by executing the operations in a distributed 
computing environment. In some embodiments, RLSI may 
be implemented via MapReduce, referred to as Distributed 
RLSI. 

0066 FIG. 2 is a schematic representation of Distributed 
RLSI 200. At each iteration, U and V are updated using the 
following MapReduce operations as shown below. 
0067. At 202, Map-1, where each iteration involves two 
mappings and Map-1 is the first of the iteration: Broadcast 
S=VV and map R=DV on m (m=1,..., M) such that all of 
the entries in the m” row of R are shuffled to the same 
calculating unit 204 in the form of (m.r.S), where r is the 
column vector whose entries are those of the m” row of R. 
0068. At 206, Reduce-1, where eachiteration involves two 
reductions and Reduce-1 is the first reduction of the iteration: 

Take (m.r.S) and emit (mu), where u is the optimal 
solution for the m” optimization problem (Equation (3)). 
0069. At 208, recombine the solutions to form the U 
matrix: U-u, • • s ul' and store/buffer in storage device 
220a. 

0070. At 210, calculate X=(UU+I) and d=UD. 
(0071. At 212, Map-2, broadcast X and map d=UD. in 
(n=1,..., N) such that the entries in the n" column of d are 
shuffled to the same calculating unit 214 in the form of 
(n,p,X), where (p, is the n” column of d. 
0072 At 216, Reduce-2, take (n,p,X), and emit 
(n,V,Xq),), where V, is the optimal solution for the n" opti 
mization problem (Equation (3)). 
0073. At 218, recombine the solutions to form the V 
matrix: V-V. . . . , VI and store/buffer in storage device 
220b. 

0074 At 222, calculate S=VV and R=DV. 
0075. The process returns to 202, Map-1, for anotheritera 

tion. In some embodiments, the process may be implemented 
for a set number of iteration. In other embodiments, the pro 
cess may be implemented for a variable number of iterations 
and may be ceased based on a convergence. 
0076 Note that the data partitioning schemas for R in 
Map-1 and for d in Map-2 are different. R is split such that 
entries in the same row (corresponding to one term) are 
shuffled to the same calculating unit while d is split such that 
entries in the same column (corresponding to one document) 
are shuffled to the same calculating unit. 
0077. There are a number of large scale matrix multipli 
cation operations in operation Map-1 (DV and VV) and 
Map-2 (UD and UU). These matrix multiplication opera 
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tions can also be conducted on MapReduce infrastructure 
efficiently. As example, DV can be calculated as X, 'div,' 
and thus fully parallelized. 

RLSI: MPI Platforms 

0078 RLSI may also be implemented in Message-Passing 
Interface (MPI) platforms. In this case, the rows of U and 
columns of V can be updated on each of the processors. 
Algorithm 4 provides an overview, and algorithms 5 and 6 
provide the details for updating U and V on MPI in each 
iteration, respectively. 

Algorithm 4 Parallel RLSI using MPI 

Require: D (RN 
1:V9 e RY s- random matrix 
2: for t = 1 : T do 
3: U() <- MPI-UpdateU(D, V(i)) 
4: V() <- MPI-UpdateV(D, U() 
5: end for 
6: return U(), V(i) 

Algorithm 5 MPI-UpdateU 

Require: DeRVN, VeRSN 
1: Calculate S-VV and R <-DV in parallel 
2: Assign rows of R to P processors such that r, is assigned to 

processor m/P 
3: for p = 0: P - 1 do 
4: Load S on processor p 
5: Load assigned r, into R = r?,..., if, where (2P =r, 
6: for j = 1 : J do 
7: u, - 0 
8: repeat 
9: for k = 1 : Kdo 

10: w - rg- XC2) (DuC2) 

11: 1 

(w@|- A) sign w()) 
ui - at (2) 

12: end for 
13: until convergence 
14: end for 

15: UP = u°,..., up 
16: end for 
17: Synchronize 
18: U - U(2)",..., U. 
19: return U 

indicates text missing or illegible when filed 

Algorithm 6 MPI-UpdateV 

Require: DeR', Ue R' 
1: Calculate X - (UU+I) and d - UD in parallel 
2: Assign columns of d to P processors such that p is assigned 

to processor n/P 
3: for p = 0: P - 1 do 
4: Load X on processorp 
5: Load assigned (p.'s into d = (p’, ..., pf), where (p(p) : 
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-continued 

Algorithm 6 MPI-UpdateV 

9: VP = (v,..., vo 
10: end for 
11: Synchronize 
12: V - V', ..., V. 
13: return V 

indicates text missing or illegible when filed 

0079. In some embodiments, the algorithms may be 
implemented for a set number of iterations. 
0080. In other embodiments, the algorithms may be 
implemented for a variable number of iterations and may be 
ceased based on a convergence. For example, the algorithms 
may be ceased based at least in part on convergance of one or 
both of the topic-document matrix V, and/or the term-topic 
matrix U. Alternatively, the algorithms may be ceased based 
on convergance of the difference between d, and Uvild 
UVI. Alternatively, the algorithms may be ceased based on 
convergance of the minimization of Equation (1). 

Online Learning for RLSI 

0081. In some embodiments, RLSI may employed for on 
line learning of documents. Given a text collection D={d, .. 
., d), the RLSI loss function may be written as shown in 
Equation (4): 

0082 where we0 is the parameter controlling the regu 
larization on u: the larger value of W, the more sparse u, and 
W20 is the parameter controlling the regularization on V: 
the larger value of W, the larger amount of shrinkage on V. 
0083. In this implimentation, a training set is composed of 
independent and identically distributed (i.i.d.) samples of a 
distribution p(d). Documents are drawn one document data 
time, as in stochastic gradient descent. The process alternates 
between the document projection step and the term-topic 
matrix update step. The document projection step computes 
the topic representation of document d, as 

v, = argminlid, -U, viii-Allvili, 

0084 where U is the term-topic matrix obtained at the 
previous iteration. The term-topic matrix update step update 
term-topic matrix: 

1 K 

U = agrini), |d - Uvil; *A). luk, 

0085 where the V.'s for i-n have been computed during 
the previous steps. This procedure is Summarized in Algo 
rithm 7 and Algorithm 8. 
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Algorithm 7 Online RLSI 

Require:p (d) 
1: Uo eR'' - random Matrix 
2: S. c. R&k, 0, R - RM-k,0 
3: for n = 1,..., Ndo 
4: Draw d, from p(d) 
5: V, - (U, U 1 + 2I)' U “d, 
6: S - S + v.v. 
7: R, s - R, + div,' 
8: U - UpdateU(S. Rn) 
9:end for 

Algorithm 8 UpdateU 

Require: SeR*, ReR', ne N(2) 
1: for m = 1 : M do 
2: us- O 
3: repeat 
4: for k = 1 : Kdo 
5: w, -r, -X(2)(2u, 

6: 1 (w(0.1-in-A) sign(wO) 
link { 

7: end for 
8: until convergence 
9: end for 

10: return U 

indicates text missing or illegible when filed 

I0086. In some embodiments, the algorithms 7 and 8 may 
be implemented for a set number of iterations. 
I0087. In other embodiments, the algorithms 7 and 8 may 
be implemented for a variable number of iterations and may 
be ceased based on convergence. For example, the algorithms 
may be ceased based at least in part on convergance of term 
topic matrix U. 

Illustrative Operation 

I0088 FIG. 3 is a flow diagram of an illustrative process 
300 to perform RLSI. The process 300 is illustrated as a 
collection of blocks in a logical flow graph, which represent a 
sequence of operations that can be implemented in hardware, 
software, or a combination thereof. In the context of software, 
the blocks represent computer-executable instructions that, 
when executed by one or more processors, cause the one or 
more processors to perform the recited operations. Generally, 
computer-executable instructions include routines, pro 
grams, objects, components, data structures, and the like that 
perform particular functions or implement particular abstract 
data types. The order in which the operations are described is 
not intended to be construed as a limitation, and any number 
of the described blocks can be combined in any order and/or 
in parallel to implement the process. Other processes 
described throughout this disclosure, including the process 
described with reference to FIG. 2, in addition to process 300 
and other processes described hereinafter, shall be interpreted 
accordingly. 
I0089. At 302, a number (N) of documents 116, 118, 124 
are retrieved from the document source 106 by the RLSI 
system 102. The number (N) of documents retrieved from the 
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document source 106 may be some or all of the documents 
currently stored in the static or quasi-static document data 
base 108, and/or the document database 110, and/or the docu 
ment servers 114. 
0090. At 304, RLSI system 102 defines a vocabulary of 
size M. 
0091. At 306, RLSI system 102 initializes matrices. The 
RLSI system 102 assigns values to a term-document matrix 
(D) based at least on the retrieved N documents 116, 118, 124 
and the vocabulary. The RLSI system 102 may initialize a 
topic-document matrix (V) to random values. 
0092. At 308, the RLSI system 102 minimizes an equation 
having as terms thereof a term-document matrix (D), a term 
topic matrix (U), a topic-document matrix (V), a regulariza 
tion of vectors of the term-topic matrix (U) and a regulariza 
tion of vectors of the topic-document matrix (V). The RLSI 
system 102 may minimize the equation iteratively such as, for 
example, minimizing the equation while holding the topic 
document matrix (V) and then minimizing the equation while 
hold the term-topic matrix (U). 
0093. At 310, the RLSI system 102 updates the term-topic 
matrix (U) and the topic-document matrix (V). 
0094. At 312, the RLSI system 102 determines whether 
the minimization of the equation is complete. The RLSI sys 
tem 102 may determine that the minimization of the equation 
is complete based at least on, for example, a number of 
iterations (e.g., it is complete after n iterations, where n is 
greater than Zero). Similarly, the RLSI system 102 may deter 
mine that the minimization of the equation is complete based 
at least on convergence of the equation and/or convergence of 
terms in the equation. For example, the equation may be 
evaluated after each iteration, and when the equation changes 
by less than a threshold amount between iterations, then the 
equation is determined to have converged. 
0.095 If the determination at 312 is that the minimization 

is not complete, the process returns to 308 and re-minimizes 
the equation (i.e., performs another iteration). 
0096. On the other hand, if the determination at 312 is that 
the minimization is complete, the process continues at 314 
and stores the term-topic matrix (U) and the topic-document 
matrix (V). 
0097 FIG. 4 is a flow diagram of an illustrative process 
400 to perform RLSI in accordance with another embodi 
ment. 

0098. At 402, an initial number (N) of documents 116, 
118, 124 are retrieved from the document source 106 by the 
RLSI system 102. The initial number (No) of documents 
retrieved from the document source 106 may be some or all of 
the documents currently stored in the static or quasi-static 
document database 108, and/or the document database 110, 
and/or the document servers 114. In some embodiments, the 
initial number (N) of documents retrieved from the docu 
ment source 106 may be as few as a single document. 
0099. At 404, RLSI system 102 defines a vocabulary of 
size M, which may change over time. In other words, the size 
of the Vocabulary may increase (or decrease) over time as the 
RLSI system 102 is trained. The size of the of the vocabulary 
is typically increased as the number of retrieved documents 
increases. 
0100. At 406, RLSI system 102 initializes matrices. The 
RLSI system 102 assigns values to a term-document matrix 
(D) based at least on the retrieved initial No documents 116, 
118, 124 and the vocabulary. The RLSI system 102 may 
initialize a topic-document matrix (V) to random values. 
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0101. At 408, the RLSI system 102 minimizes an equation 
having as terms thereof a term-document matrix (D), a term 
topic matrix (U), a topic-document matrix (V), a regulariza 
tion of vectors of the term-topic matrix (U) and a regulariza 
tion vectors of the topic-document matrix (V). The RLSI 
system 102 may minimize the equation iteratively such as, for 
example, minimizing the equation while holding the topic 
document matrix (V) and then minimizing the equation while 
holding the term-topic matrix (U). 
0102 At 410, the RLSI system 102 updates the term-topic 
matrix (U) and the topic-document matrix (V). 
(0103) At 412, the RLSI system 102 determines whether 
the minimization of the equation is complete. The RLSI sys 
tem 102 may determine that the minimization of the equation 
is complete based at least on, for example, a number of 
iterations (e.g., it is complete after n iterations, where n is 
greater than Zero). Similarly, the RLSI system 102 may deter 
mine that the minimization of the equation is complete based 
at least on convergence of the equation and/or convergence of 
terms in the equation. For example, the equation may be 
evaluated after each iteration, and when the equation changes 
by less than a threshold amount between iterations, then the 
equation is determined to have converged. 
0104. If the determination at 412 is that the minimization 
is not complete, the process returns to 408 and re-minimizes 
the equation (i.e., performs another iteration). 
0105. On the other hand, if the determination at 412 is that 
the minimization is complete, the process continues at 414, 
where the RLSI system 102 determines whether there are 
more documents. 

0106 If there are more documents, then at 416, the RLSI 
system 102 retrieves a number (N) of documents 116, 118, 
124 from the document source 106, where N is greater than or 
equal to one. The RLSI system 102 may also resize, if nec 
essary, matrices based at least in part on the number (N) of 
documents retrieved. The process then returns to 408. 
0.107 If the determination at 414 is that there are no more 
documents, the process continues at 418 and the RLSI system 
102 stores the term-topic matrix (U) and the topic-document 
matrix (V). 
0.108 FIG. 5 is a flow diagram of an illustrative process 
500 to minimize a first equation having as terms thereof a 
term-document matrix (D), a term-topic matrix (U), a topic 
document matrix (V), a regularization of vectors of the term 
topic matrix (U) and a regularization vectors of the topic 
document matrix (V). 
0109. At 502, the RLSI system 102 decomposes the first 
equation into Mindependent second equations. 
0110. At 504, the RLSI system 102 holds the topic-docu 
ment matrix (V) fixed while minimizing the Mindependent 
second equations. Typically, the Mindependent second equa 
tions are minimized in parallel on separate calculating units. 
0111. At 506, the RLSI system 102 updates the term-topic 
matrix (U). 
(O112 At 508, the RLSI system 102 decomposes the first 
equation into N independent third equations. 
0113. At 510, the RLSI system 102 holds the term-topic 
matrix (U) fixed while minimizing the N independent third 
equations. Typically, the N independent third equations are 
minimized in parallel on separate calculating units. 
0114. At 512, the RLSI system 102 updates the topic 
document matrix (V). 
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Illustrative Computing Device 
0115 FIG. 6 shows an illustrative computing device 600 
that may be used to implement the RLSI. It will readily be 
appreciated that the various embodiments described above 
may be implemented in other computing devices, systems, 
and environments. The computing device 600 shown in FIG. 
8 is only one example of a computing device and is not 
intended to Suggest any limitation as to the scope of use or 
functionality of the computer and network architectures. The 
computing device 600 is not intended to be interpreted as 
having any dependency or requirement relating to any one or 
combination of components illustrated in the example com 
puting device. 
0116. In a very basic configuration, the computing device 
600 typically includes at least one processing unit 602 and 
system memory 604. Depending on the exact configuration 
and type of computing device, the system memory 604 may 
be volatile (such as RAM), non-volatile (such as ROM, flash 
memory, etc.) or some combination of the two. The system 
memory 604 typically includes an operating system 606, one 
or more program modules 608, and may include program data 
610. The computing device 600 is of a very basic configura 
tion demarcated by a dashed line 614. 
0117 The computing device 600 may have additional fea 
tures or functionality. For example, the computing device 600 
may also include additional data storage devices (removable 
and/or non-removable) Such as, for example, magnetic disks, 
optical disks, or tape. Such additional storage is illustrated in 
FIG. 6 by removable storage 616 and non-removable storage 
618. Computer-readable media may include, at least, two 
types of computer-readable media, namely computer storage 
media and communication media. Computer storage media 
may include Volatile and non-volatile, removable, and non 
removable media implemented in any method or technology 
for storage of information, Such as computer readable instruc 
tions, data structures, program modules, or other data. The 
system memory 604, the removable storage 616 and the non 
removable storage 618 are all examples of computer storage 
media. Computer storage media includes, but is not limited 
to, RAM, ROM, EEPROM, flash memory or other memory 
technology, CD-ROM, digital versatile disks (DVD), or other 
optical storage, magnetic cassettes, magnetic tape, magnetic 
disk storage or other magnetic storage devices, or any other 
non-transmission medium that can be used to store the 
desired information and which can be accessed by the com 
puting device 600. Any Such computer storage media may be 
part of the computing device 600. Moreover, the computer 
readable media may include computer-executable instruc 
tions that, when executed by the processor(s) 602, perform 
various functions and/or operations described herein. 
0118. In contrast, communication media may embody 
computer-readable instructions, data structures, program 
modules, or other data in a modulated data signal. Such as a 
carrier wave, or other transmission mechanism. As defined 
herein, computer storage media does not include communi 
cation media. 
0119 The computing device 600 may also have input 
device(s) 620 such as keyboard, mouse, pen, Voice input 
device, touch input device, etc. Output device(s) 622 such as 
a display, speakers, printer, etc. may also be included. These 
devices are well known in the art and are not discussed at 
length here. 
0120. The computing device 600 may also contain com 
munication connections 624 that allow the device to commu 
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nicate with other computing devices 626, Such as over a 
network. These networks may include wired networks as well 
as wireless networks. The communication connections 624 
are one example of communication media. 
I0121. It is appreciated that the illustrated computing 
device 600 is only one example of a suitable device and is not 
intended to Suggest any limitation as to the scope of use or 
functionality of the various embodiments described. Other 
well-known computing devices, systems, environments and/ 
or configurations that may be suitable for use with the 
embodiments include, but are not limited to personal com 
puters, server computers, hand-held or laptop devices, mul 
tiprocessor Systems, microprocessor-base systems, set top 
boxes, game consoles, programmable consumer electronics, 
network PCs, minicomputers, mainframe computers, distrib 
uted computing environments that include any of the above 
systems or devices, and/or the like. For example, some or all 
of the components of the computing device 600 may be 
implemented the RLSI system 102. 

CONCLUSION 

0.122 Although the techniques have been described inlan 
guage specific to structural features and/or methodological 
acts, it is to be understood that the appended claims are not 
necessarily limited to the specific features or acts described. 
Rather, the specific features and acts are disclosed as exem 
plary forms of implementing Such techniques. 
What is claimed is: 
1. A topic modeling System, comprising: 
at least one calculating unit; and 
at least one computer readable medium in communication 

with the at least one calculating unit and having instruc 
tions and a first equation stored therein, the first equation 
having terms including a term-document matrix D, a 
term-topic matrix U, a topic-document matrix V, regu 
larization of vectors of the term-topic matrix U and 
regularization vectors of the topic-document matrix V, 
the term-document matrix D having N columns, N>1, 
each column of the term-document matrix D represent 
ing a respective document and having M (MD-1) mem 
bers in which each member represents a respective term 
of the respective document, the term-topic matrix U and 
the topic-document matrix V are related such that the 
term-document matrix D is approximated by a matrix 
multiplication of the term-topic matrix U and the topic 
document matrix V, when executed by the at least one 
calculating unit, cause the at least one calculating unit to 
perform acts comprising: 

for a number of iterations, 
minimizing the first equation while holding the topic 

document matrix V fixed; 
updating the term-topic matrix Ubased at least on values 

of the topic-document matrix V calculated in a most 
recent minimization of the first equation; 

minimizing the first equation while holding the term 
topic matrix U fixed; and 

updating the topic-document matrix V based at least on 
values of the term-topic matrix U calculated in a most 
recent minimization of the first equation. 

2. The topic modeling system as recited in claim 1, wherein 
the at least one calculating unit comprises multiple calculat 
ing units, and the acts further comprise: 

providing each calculating unit of a first plurality of calcu 
lating units with at least a respective vector of the term 
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document matrix D and at least a respective vector of the 
term-topic matrix U, most recently updated, the multiple 
calculating units including the first plurality of calculat 
ing units; and 

wherein the minimizing the first equation while holding the 
topic-document matrix V fixed includes: 

independently solving a respective vector of the term-topic 
matrix U at a respective calculating unit of the first 
plurality of calculating units based at least in part on the 
respective calculating unit minimizing a respective sec 
ond equation that is a decomposition of the first equa 
tion. 

3. The topic modeling system as recited in claim 2, the acts 
further comprising: 

providing each calculating unit of a second plurality of 
calculating units with at least a respective vector of the 
term-document matrix D and at least a respective vector 
of the topic-document matrix V, most recently updated, 
the multiple calculating units including the second plu 
rality of calculating units; and 

wherein the minimizing the first equation while holding 
term-topic matrix U fixed includes: 

independently solving a respective vector of the topic 
document matrix V at a respective calculating unit of the 
second plurality of calculating units based at least in part 
on the respective calculating unit minimizing a respec 
tive third equation that is a decomposition of the first 
equation. 

4. The topic modeling system as recited in claim3, wherein 
the multiple calculating units include multiple processors of a 
single computer. 

5. The topic modeling system as recited in claim3, wherein 
the multiple calculating units include computing systems 
coupled together over a communication network. 

6. The topic modeling system as recited in claim 1, wherein 
the minimizing the first equation while holding the topic 
document matrix V fixed includes regularization of vectors of 
the term-topic matrix U, and the minimizing the first equation 
while holding the term-topic matrix U fixed includes regular 
ization vectors of the topic-document matrix V. 

7. The topic modeling system as recited in claim 6, wherein 
the regularization of vectors of the term-topic matrix U is 
based on eitheran 1 norm oran 1 norm and the regularization 
vectors of the topic-document matrix V is based on either an 
1 norm or an 1 norm. 

8. The topic modeling system as recited in claim 7, wherein 
the regularization of vectors of the term-topic matrix U is 
based on the 1 norm and the regularization vectors of the 
topic-document matrix V is based on the 12 norm. 

9. The topic modeling system as recited in claim 1, the acts 
further comprising: 

retrieving a number (N) of electronic documents: 
generating the term-document matrix D based at least on 

the retrieved documents; and 
initializing the topic-document matrix V based at least on 
random values assigned to members of the topic-docu 
ment matrix V. 

10. The topic modeling system as recited in claim 1, 
wherein the minimizing the first equation while holding the 
topic-document matrix V fixed includes regularization of vec 
tors of the term-topic matrix U, and the minimizing the first 
equation while holding the term-topic matrix U fixed includes 
regularization of vectors of the topic-document matrix V. 
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11. The topic modeling system as recited in claim 10, 
wherein the regularization of column vectors of the term 
topic matrix U is based on an 1 norm and the regularization 
column vectors of the topic-document matrix V is based on an 
12 norm. 

12. A computer-implemented method for topic modeling, 
comprising: 

defining a first equation having terms including a term 
document matrix D, a term-topic matrix U, a topic 
document matrix V, regularization of vectors of the 
term-topic matrix U and regularization vectors of the 
topic-document matrix V, the term-document matrix D 
having N columns, N>1, each column of the term-docu 
ment matrix D representing a respective document and 
having M (MD-1) members in which each member rep 
resents a respective term of the respective document, the 
term-topic matrix U and the topic-document matrix V 
are related such that a matrix multiplication of the term 
topic matrix U and the topic-document matrix V is 
approximated as the term-document matrix: 

retrieving a number (N) of electronic documents: 
representing each retrieved document as a respective vec 

tor of the term-document matrix D; and 
for a number of iterations, 

minimizing the first equation while holding the topic 
document matrix V fixed, 

updating the term-topic matrix Ubased at least on values 
of the term-topic matrix U calculated in a most recent 
minimization of the first equation, 

minimizing the first equation while holding the term 
topic matrix U fixed, and 

updating the topic-document matrix V based at least on 
values of the topic-document matrix V calculated in a 
most recent minimization of the first equation; and 

storing at least one of the most recently updated term-topic 
matrix U and the topic-document matrix V. 

13. The method as recited in claim 12, further comprising: 
providing each calculating unit of a first plurality of calcu 

lating units with at least a respective vector of the term 
document matrix D and at least a respective vector of the 
term-topic matrix U, most recently updated, the multiple 
calculating units including the first plurality of calculat 
ing units; and 

wherein the minimizing the first equation while holding the 
topic-document matrix V fixed includes: 

independently solving a respective vector of the term-topic 
matrix U at a respective calculating unit of the first 
plurality of calculating units based at least in part on the 
respective calculating unit minimizing a respective sec 
ond equation that is a decomposition of the first equa 
tion. 

14. The method as recited in claim 13, further comprising: 
providing each calculating unit of a second plurality of 

calculating units with at least a respective vector of the 
term-document matrix D and at least a respective vector 
of the topic-document matrix V, most recently updated, 
the multiple calculating units including the second plu 
rality of calculating units; and 

wherein the minimizing the first equation while holding 
term-topic matrix U fixed includes: 

independently solving a respective vector of the topic 
document matrix V at a respective calculating unit of the 
second plurality of calculating units based at least in part 
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on the respective calculating unit minimizing a respec 
tive third equation that is a decomposition of the first 
equation. 

15. The method as recited in claim 12, wherein the mini 
mizing the first equation while holding the topic-document 
matrix V fixed includes regularizing vectors of the term-topic 
matrix U, and the minimizing the first equation while holding 
the term-topic matrix U fixed includes regularizing vectors of 
the topic-document matrix V. 

16. The method as recited in claim 15, wherein the regu 
larizing vectors of the term-topic matrix U is based on either 
an 1 norm or an 12 norm and the regularizing vectors of the 
topic-document matrix V is based on eitheran 1 norm oran 1. 
O. 

17. The topic modeling system as recited in claim 16, 
wherein the regularizing vectors of the term-topic matrix U is 
based on an 1 norm and the regularizing vectors of the topic 
document matrix V is based on an 1 norm. 

18. One or more computer-readable media storing com 
puter-executable instructions that, when executed on one or 
more processors, causes the one or more processors to per 
form acts comprising: 

retrieving a number (N) of electronic documents: 
representing each retrieved document as a respective vec 

tor of a term-document matrix D; 
defining a first equation having terms including the term 

document matrix D, a term-topic matrix U, a topic 
document matrix V, the term-topic matrix U and the 
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topic-document matrix V are related Such that a matrix 
multiplication of the term-topic matrix U and the topic 
document matrix V is approximated as the term-docu 
ment matrix D; 

independently solving in parallel for vectors of the topic 
document matrix V and the term-topic matrix U, and 

updating the topic-document matrix V and the term-topic 
matrix U based at least in part of the solved vectors of the 
document matrix V and the term-topic matrix U, and 

storing at least one of the document matrix V and the 
term-topic matrix U. 

19. The one or more computer-readable media as recited in 
claim 18, wherein the independently solving in parallel for 
vectors of the topic-document matrix V and the term-topic 
matrix U includes regularizing vectors of the term-topic 
matrix U based on either an 1 norm or an 1 norm and regu 
larizing vectors of the topic-document matrix V based on 
either an 1 norm or an 1 norm. 

20. The one or more computer-readable media as recited in 
claim 18, wherein the independently solving in parallel for 
vectors of the topic-document matrix V and the term-topic 
matrix U comprises: 

holding the topic-document matrix V fixed while solving in 
parallel for the vectors of the term-topic matrix U; and 

holding the term-topic matrix U fixed while solving in 
parallel for the vectors of the topic-document matrix V. 
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